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INTRODUCTION
The location of a mobile terminal (MT) can be estimated using different parameters of a received signal, such as the time-of-arrival (TOA), angle-of-arrival (AOA), and/or the received signal strength (RSS). Ultrawideband (UWB) radio has a great potential for accurate ranging and localization systems due to its very wide bandwidth and capability in resolving individual multipath components (MPCs) [1] [2] [3] [4] [5] [6] [7] . Therefore, the TOA of the received signal can be estimated with high accuracy for UWB systems if the first arriving path has been identified precisely [8] [9] [10] [11] . One of the major challenges for localization systems is the mitigation of non-line-of-sight (NLOS) effects. If the direct path between a fixed terminal (FT) (An FT is usually a base station in a cellular network or an anchor node in a sensor network.) and the MT is being obstructed, the TOA of the signal to the FT will be delayed, which introduces a positive bias. Using such NLOS TOA estimates during the localization of the MT position may significantly degrade the positioning accuracy. Hence, FTs that are under the NLOS condition have to be identified and their effects have to be mitigated.
The NLOS identification and mitigation techniques have been discussed extensively in the literature, but mainly within the cellular network framework [12] [13] [14] . For example, in [12] , the standard deviation of the range measurements are compared with the threshold for NLOS identification, where the measurement noise variance is assumed to be known. In [13] , a decision-theoretic NLOS identification framework is presented, where various hypothesis tests are developed for known and unknown probability density functions (PDFs) of the TOA measurements. A nonparametric NLOS identification approach is discussed in [14, 15] , where a suitable distance metric is used between the known measurement error distribution and the nonparametrically estimated distance measurement distribution in order to determine if a given FT is line-of-sight (LOS) or NLOS. Note that such techniques usually assume that the MT is moving and the number/density of obstructions between the MT and the FT vary. This implies that the bias for the NLOS range measurements change over time and have larger variances. On the other hand, when the MT is static, the variance of the NLOS range measurements may not show as much deviation from the variance of the LOS range measurements [16] . In such situations, the multipath characteristics of the received 2 EURASIP Journal on Advances in Signal Processing signal may provide some insight regarding the LOS/NLOS identification. For example, in [17] , the NLOS identification for UWB systems was briefly addressed by comparing the normalized strongest path with a fixed threshold. However, for such a scheme, optimal selection of certain parameters such as the threshold and the time interval are essential.
As an alternative to identify the NLOS scenarios from the received multipath signal, it is also possible to use the information from the overall mobile network for NLOS mitigation, provided that there are sufficient number of LOS FTs. For example, in [18] , a residual-based algorithm was proposed for NLOS mitigation by assuming that the number of available FTs are more than three. 1 Different combinations of FTs with at least three FTs in each combination are considered in order to evaluate the MT location and the corresponding residual error. The location estimates with smaller residuals have larger chances of corresponding to the correct MT location. Hence, the proposed technique weights different location estimates with the inverses of their residual errors. Some other NLOS mitigation techniques using the mobile network are reported in [19] [20] [21] [22] [23] [24] [25] [26] [27] .
The objectives of this paper are three-fold. First, to model and characterize the amplitude and delay statistics of IEEE 802.15.4a channels. Second, to propose NLOS identification techniques based on the amplitude and delay statistics of the UWB channels. The amplitude statistics are captured using the kurtosis, and the delay statistics are evaluated using the mean excess delay and the root mean square (rms) delay spread of the received MPCs. And third, to analyze different weighted least-squares (WLS) localization techniques and evaluate their performance via Monte-Carlo simulations using the IEEE 802.15.4a channel model. The paper is organized as follows. In Section 2, the UWB channel model and associated channel statistics to be used in NLOS identification are outlined, and the localization system model is briefly reviewed. Section 3 introduces three different NLOS identification techniques based the statistics of the MPCs, while Section 4 introduces three different WLS localization techniques. Simulation results are presented in Section 5 and finally Section 6 provides some concluding remarks.
CHANNEL AND SYSTEM MODELS

Multipath channel statistics
Let the channel impulse response (CIR) of the received signal be represented as
where L is the total number of MPCs, and α l and τ l are the amplitude and delay of the lth MPC, respectively. The TOA of the received signal is given by τ toa = τ 1 , which is identified 1 When all the FTs are LOS, three FTs are sufficient for two-dimensional (2D) localization, and four FTs are sufficient for 3D localization.
by the first arriving path. If τ 1 can be accurately estimated, the true distance d between the FT and the MT can be easily calculated for LOS scenarios. However, for NLOS scenarios, the distance estimate may typically include a positive NLOS bias. There may be two major reasons for the existence of such a bias: while the first path may be completely blocked and cannot be detected at the receiver, it may also be the case that it is being delayed due to experiencing a different propagation speed through the obstacles [28, 29] . For the second scenario, the delay of the first arriving path may be negligible for certain NLOS channels, which implies close to zero bias. In this paper, we assume that NLOS channels introduce considerable bias to the first arriving path. In other words, we have
where c denotes the speed of light, H 0 is the LOS hypothesis, and H 1 is the NLOS hypothesis. Hence, for NLOS situations, even if the first arriving path is correctly identified, the estimated distance is larger than the actual distance between the FT and the MT due to the always present positive bias. Therefore, if NLOS FTs are used in localization, they will degrade the localization accuracy, and it is essential to identify the NLOS FTs and mitigate their effects for accurate localization.
The impact of NLOS bias may be different for a moving MT and a stationary MT as illustrated in Figure 1 . As the MT-1 moves through the network, the LOS and NLOS condition changes intermittently. For example, at t 1 , MT-1 is under LOS condition with FT 1 , FT 4 , and FT 5 while it is under NLOS condition with other FTs. Similarly, at other time instants MT-1 will be under LOS and NLOS with some other FTs. As the MT-1 moves through the network, the intensity of obstacles for a NLOS FT will change which will effectively vary the NLOS bias. Hence, for a moving MT, the variance of the distance estimate to a NLOS FT will be larger due to the changes in the NLOS bias. On the other hand, for a stationary MT such as the MT-2, the NLOS bias is fixed over time as opposed to a moving MT. Hence, observing the variance of distance estimates may not provide sufficient information whether a stationary MT is under LOS or NLOS condition. Moreover, for indoor scenarios, the MT may move significantly prior to detecting if it is under LOS or NLOS scenario, and hence, a NLOS mitigation/localization based on the variance of the distance estimate may become quite complicated.
In this paper, we distinguish between the LOS or NLOS scenarios by exploiting the statistics of the received MPCs. The kurtosis, the mean excess delay, and the rms delay spread are used in order to capture the amplitude and delay statistics for the LOS and NLOS scenarios, respectively. The kurtosis of a certain data is defined as the ratio of the fourth-order moment of the data to the square of the second-order moment (i.e., the variance) of the data. As stated in [30] , the "kurtosis characterizes how peaky" a sample data. Thus, it may be used as a tool to characterize the level of LOS condition of a certain channel. This implies that for a CIR with high kurtosis values, it is more likely that the received signal is under LOS ˙I smail Güvenç et al. scenario. Given a certain channel realization h(t), kurtosis of |h(t)| can be calculated as [30] 
where μ |h| and σ |h| are the mean and standard deviation of the |h(t)|, respectively. While the kurtosis provides information about the amplitude statistics of the received MPCs, it does not provide any information regarding the delay properties of the received MPCs. Two important statistics that characterize the delay information of the multipath channel are the mean excess delay τ m and the rms delay spread τ rms , which are given by [31] 
Localization system model
For the localization system model, we consider a wireless network where there are N FTs,
T is the estimate of the MT location,
T is the position of the ith FT, d i is the measured distance between the MT and the ith FT commonly modeled as
where τ i is the TOA of the signal at the ith FT, d i is the actual distance between the MT and the ith FT, n i ∼N (0, σ 
For NLOS FTs, the bias term ψ i was modeled in different ways in the literature such as exponentially distributed [18, 32] , uniformly distributed [27, 33] , Gaussian distributed [34] , constant along a time window [21] , or based on an empirical model from measurements [29, 35] . Typically, the model depends on the wireless propagation channel and the specific technology under consideration (e.g., cellular networks, wireless sensor networks, etc.). In this paper, we will model the term b i as an exponentially distributed random variable with mean λ i based on [18, 32] . Once all the distance estimates in (5) are available, the noisy measurements and NLOS bias at different FTs yield circles which do not intersect at the same point, resulting in the following inconsistent equations:
LOS/NLOS IDENTIFICATION
Kurtosis of the multipath channel
The PDF of the kurtosis of the multipath channel κ can be obtained for both LOS and NLOS scenarios using sample channel realizations from both scenarios. Here, we used sample channel realizations of the IEEE 802.15.4a standard channel models in order to obtain the histograms of κ for eight different channel models (i.e., CM1 through CM8) as defined in [7] . It is found that the histograms can be well modeled by a log-normal distribution given as follows:
where μ κ is the mean and σ κ is the standard deviation of In(κ). The corresponding parameters for the eight different channel models are tabulated in Table 1 . We also used the Kolmogorov-Smirnov (K-S) goodness-of-fit hypothesis test at 5% significance level to analyze how well the log-normal PDF characterizes the data. Table 1 also shows the passing rates of the K-S test for all the channel models. From the table, it shows that the log-normal distribution fits well to the kurtosis of the data for all channel models with more than 90% of passing rates. The log-normal PDFs of the kurtosis for the eight channel models are depicted in Figure 2 . It can be seen that for indoor residential, indoor office, and industrial environments, kurtosis can provide good information regarding if the received signal is LOS or NLOS. However, for outdoor environment, the PDFs are not distinct, and interestingly, the mean of the NLOS case is larger then the mean of the LOS case. A possible reason why the amplitude statistics is insufficient to identify the LOS/NLOS scenarios might be due to the highly dispersive characteristics of the outdoor environments [7] . Therefore, in order to have a more robust identifier, the delay statistics must be taken into consideration as will be discussed in the next section. 
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Mean excess delay and rms delay spread of the multipath channel
Similar to the kurtosis analysis as discussed in the previous section, we obtained the histograms of the mean excess delay and rms delay spread for eight different channel models from the IEEE 802.15.4a channels. We also found that the lognormal distribution fits to the histograms well. This observation was further verified using the K-S hypothesis test with 5% of significance level. The mean and standard deviation of In(τ m ) and In(τ rms ) as well as the K-S passing rates are tabulated in Table 2 , and their corresponding PDFs are depicted ˙I smail Güvenç et al.
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in Figures 3 and 4 . We observe that as opposed to residential and indoor-office environments, the LOS and NLOS PDFs in outdoor and industrial environments are quite distinct, which implies reliability of the LOS/NLOS identification.
Likelihood-ratio test
If the a priori knowledge of the statistics of κ, τ m , and τ rms are available under the LOS and NLOS scenarios in a certain environment, likelihood ratio tests can be performed for hypothesis selection. Let P kurt los (κ), P kurt nlos (κ), P med los (τ m ), P med nlos (τ m ), P rms−ds los (τ rms ), and P rms−ds nlos (τ rms ) be the PDFs of the kurtosis, the mean excess delay spread, and the rms delay spread corresponding to LOS and NLOS conditions, respectively. Then, given a channel realization h(t), we may consider the following three likelihood ratio tests for LOS/NLOS identification of h(t):
(1) kurtosis test:
(2) mean excess delay test: 
where, if the likelihood ratio is larger than 1, we choose the LOS hypothesis (H 0 ), and if otherwise, we choose the NLOS hypothesis (H 1 ). Rather than using only the PDFs of individual parameters, a better approach would be to consider the joint PDF of these parameters, which will yield
Since in practice it is very difficult to obtain the joint PDFs as given in (12), a suboptimal approach is proposed by considering κ, τ m , and τ rms as independent to each other. Note that in practice, there is some correlation between these random variables, and independence assumption will not usually hold. In order to assess the amount of correlation between these random variables, we calculated the correlation coefficients 2 between the pairs of random variables as tabulated in Table 3 for 1000 channel realizations from each of the IEEE 802.15.4a channel models. We also obtained the correlation coefficient between the strongest path (SP) energy (normalized with the total received energy) and each of the κ, τ m , and τ rms for comparison purposes. While the correlation coefficients are usually low for most channel models, relatively larger values of ρ τm,τrms and ρ sp,κ for certain channel models are noticeable. Results in Table 3 imply that while there is some correlation between some of these parameters, a suboptimal detector that considers these parameters independently may still improve the NLOS detection performance since the correlation tends to be smaller than 0.5 for most of the channel models. Then, (12) can be simplified to 
The histogram of the logarithm of J(κ, τ m , τ rms ) is depicted in Figure 5 (a) for CM3 and CM4 of the IEEE 802.15.4a channels, and Figure 5 (b) shows the histogram of log 10 (1 + J(κ, τ m , τ rms )). While J(κ, τ m , τ rms ) can be used to make a hard decision to decide if a received signal is LOS or NLOS, it may also be used as a soft information in the WLS algorithm as will be discussed in the next section.
WLS LOCALIZATION TECHNIQUES
The NLOS information as discussed in the previous section can be used in numerous ways to improve the localization accuracy. In this section, we will present different WLS techniques in order to mitigate the NLOS effects. By considering the localization model presented in Section 2.2, a WLS estimate of the MT location using all the FTs can be expressed as [32, 36] 
where the weights β i can be chosen to reflect the reliability of the signal received at ith FT. Minimizing (15) requires numerical search methods such as steepest descent or Gauss-Newton techniques, which require good initialization in order to avoid converging to the local minima of the loss function [37] . Alternatively, it is possible to use the techniques as proposed in [27, 38] in order to obtain a linear set of equations from the nonlinear least-squares model in (15) . If the nonlinear set of equations is given as in (7), by fixing one of the expressions for a particular FT and after some mathematical manipulation, we have the following linear model: 
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with W = diag(β 1 , β 2 , . . . , β N−1 ) being a diagonal matrix of size (N − 1), and r is the FT chosen in order to obtain the linear model. 3 Therefore, the WLS solution is given by
The mean square error (MSE) of the WLS solution in (19) is derived for LOS and NLOS FTs in Appendix A and Appendix B, respectively. Note that the WLS solution corresponds to the minimization of the following cost function:
3 Note that it is important to assure that FT r is selected appropriately because otherwise it will introduce bias in all the equations.
For the mitigation of NLOS effects, it is critical to select β i appropriately. In [32, 36] , the authors use the inverse of the measured distances variance as a reliability metric for the ith FT, which corresponds to the maximum likelihood solution for Gaussian distributed and independent noise terms. However, for a static MT, the variance of the TOA measurements may not be significantly different for LOS and NLOS FTs as discussed in Section 2. Still, due to the biased observations at the NLOS FTs, the localization accuracy degrades when the conventional LS technique is used. As discussed in previous section, the MPCs of the received signal carries important information regarding the LOS/NLOS characteristics. In this paper, we deploy such information to develop different alternative WLS localization techniques. Comparison of the prior art WLS and proposed WLS techniques are summarized in Figure 6 . Note that optimization of the weights β i conditioned on the NLOS bias statistics and the LOS/NLOS likelihood functions is nontrivial in closed-form and is not part of the work to be discussed in this paper. Instead, we propose three different heuristic techniques for the selection of these weights, and show via simulations that the LS localization accuracy can be improved under NLOS scenario by deploying the information in the MPCs of the received signal.
Identify-and-discard
As discussed in [39] , if no prior knowledge regarding the NLOS bias b i is available, the Cramer-Rao lower bound (CRLB) is minimized by discarding the NLOS FTs (assuming perfect identification of LOS/NLOS measurements). In here, we refer this technique as identify-and-discard (IAD), and the weights β i for the ith measurement are given as follows:
The drawback of IAD is that there is always the chance of misidentification (i.e., selecting an LOS FT as NLOS, or vice versa). Hence, in certain cases, there may be insufficient number of identified LOS FTs to estimate the MT location, which may considerably degrade the location accuracy. For example, if there are only two LOS FTs, this corresponds to two circles which intersect at two different points, resulting in an ambiguity of the MT location. In this paper, we randomly select one of the two intersection points for resolving the ambiguity for the two LOS FT case. On the other hand, if only one LOS FT can be identified, the best case with IAD would be to select the location of the LOS FT as the MT location.
Soft weight selection
While IAD minimizes the CRLB in ideal scenarios, in practice, discarding the NLOS measurements requires perfect knowledge of the LOS/NLOS situation. Moreover, it has been well reported in the literature that exploiting the NLOS information may improve the localization accuracy in more practical estimators such as the LS estimator [27] . Thus, instead of discarding the NLOS measurements, the likelihood functions given in Section 3.3 can be used to minimize the contribution of NLOS FTs to the residual error as given in (15) . We may use a modified version of the likelihood ratios in (13) for a soft weight selection (SWS) where the weights for the ith measurement is given as follows:
which penalizes the NLOS nodes by typically assigning them weights between 0 and 1 (see Figure 5(b) ). The drawback of such an approach is that for LOS nodes, the dynamic range of weights may become very large as evident in Figure 5 . This unnecessarily favors some of the LOS measurements with respect to others which may degrade the positioning accuracy.
Hard weight selection
We may improve the performance of SWS by assigning fixed weights to LOS and NLOS measurements, that is, by using hard weight selection (HWS). Based on this approach, β i can be set as
where k
2 . In other words, the identified NLOS FTs have limited impact on the WLS solution. When k
2 = 1, HWS1 becomes identical to the IAD. Note that there exists an ambiguity region for the likelihood functions as shown in Figure 5 (a) where a given likelihood value may correspond to both LOS or NLOS FT. Hence, an alternative HWS technique that partitions the likelihood space into three different regions can be obtained as follows:
3 , the parameters k
1 and k (2) 3 are the weights for the NLOS and LOS measurements, respectively, ˙I smail Güvenç et al. 9 and k (2) 2 is the weight for the ambiguity region when the likelihood value falls in between Δ 1 and Δ 2 . For the special case when Δ 1 = Δ 2 = 0, HWS2 is equivalent to HWS1.
SIMULATION RESULTS
Monte-Carlo simulations are performed to validate the proposed LOS/NLOS identification technique and the WLS algorithms using the IEEE 802.15.4a channel models. For each of the CM1 to CM8 channels, 1000 channel realizations are generated with channel separation of 494 MHz, central and sampling frequencies of 3.952 GHz, with an over-sampling factor of 8.
LOS/NLOS identification results
For each channel realization, we apply the likelihood ratio tests given in (9)- (13) and calculate the percentage of correctly identified cases. Table 4 tabulates both LOS and NLOS identification percentages using the four different techniques. It can be seen that using individual metrics may yield high identification percentage only for certain channel models (depending on the amplitude and delay characteristics of the channel under consideration), while the joint approach achieves high identification percentage for most of the channel models.
For comparison purposes, we also included the simulation results for the technique introduced in [17] , which we refer here as strongest-path threshold-comparison (SP-TC). In summary, the NLOS identification is achieved by
where 0 ≤ ξ ≤ 1 is a threshold set on the normalized strongest path. As shown in Table 4 , the selection of the threshold is critical for balanced identification rates for the LOS and NLOS channels. Even with a reasonable threshold setting (e.g., ξ = 0.1), identification rates for the joint approach are better than the SP-TC for most channel realizations.
WLS localization results
In order to test the performance of the WLS algorithm, we models and prefix an exponentially distributed 4 NLOS bias b i with a mean of λ i = 2 nanoseconds. For each LOS channel realization, we use CM3 of IEEE 802.15.4a channel models and assume that first path correctly characterizes the distance between the MT and the FT. For simplicity, we assume that σ 2 i = σ 2 is identical for all the FTs and does not change with distance. The results are averaged over 100 NLOS bias realizations, 100 noise realizations, and 100 channel realizations (i.e., over 10 6 different observations), which are assigned randomly to different FTs. The simulation scenario is depicted in Figure 7 along with the circles given by (7) representing the possible MT positions for each FT in topology-1, where FT 1 has an NLOS bias of 3 m. For all the HWS algorithms, we use k
In Figures 8 and 9 , simulation results for the average localization error using conventional LS and different WLS algorithms are presented for σ 2 ∈ {0.3, 1} and for different sets of NLOS FTs. We also simulated the performance of residual weighting (RWGH) algorithm reported in [18] which aims to mitigate the NLOS bias by weighting the location estimates (for different topologies) with the inverses of the corresponding residual location errors. 5 For the conventional LS estimator, the average localization error increases with increasing number of NLOS FTs. Also, location accuracy degrades slightly when the noise variance increases. While RWGH can mitigate the NLOS bias effects in certain settings, HWS-WLS techniques outperform all other approaches for all the scenarios.
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Note that for topology-1, the accuracies of SWS-WLS and IAD-WLS improve when the number of NLOS FTs increases from 2 to 3 for σ 2 = 1. This shows that the localization accuracy depends not only on the number of NLOS FTs, but also on their locations. In particular, NLOS biases of some FTs which are symmetric with respect to the MT (e.g., FT 2 and FT 3 ) may cancel out each other. In order to better evaluate the impact of NLOS FTs' locations, we simulated the localization algorithms with same number of NLOS FTs in Figure 10 . For a single NLOS FT, the localization accuracies do not degrade significantly with the location of the NLOS FT. Exception to this is when the NLOS FT is the reference FT, in which the localization accuracy will degrade significantly. The WLS methods are no longer effective in such a scenario, since, as apparent from (B.1) in Appendix B, all equations become biased due to bias term b r . On the other hand, when there are two NLOS FTs, the location of the NLOS FTs may have a In Figure 12 , the simulated MSEs of the LS, HWS1-WLS, and SWS-WLS algorithms are plotted when all the FTs are in LOS scenario along with the theoretical MSEs derived in the Appendix A. For comparison purposes, the CRLB of the location estimate is also included. Theoretical results capture the simulation results well for both the LS and WLS algorithms. Compared to the LS estimator, the MSE of the SWS-WLS gets considerably worse as σ 2 increases when there are no NLOS FTs. On the other hand, the degradation in the accuracy of HWS1-WLS is negligible. In Figure 13 , simulation and theoretical MSE results of the LS and HWS1-WLS algorithms are plotted for different fixed NLOS bias scenarios. When NLOS bias is larger than 1 m, HWS1-WLS performs always better than the LS for all the σ 2 values. However, when FT 1 has 1 m NLOS bias, we observe that HWS1-WLS performance becomes worse than LS as σ 2 increases. This may be due to the fact that we fixed k 
2 = 1 for all the simulations, and accuracy might possibly be improved by optimizing the weights with respect to some other parameters.
CONCLUSION
In this paper, we proposed a novel NLOS identification technique that does not require a time history of range measurements as opposed to prior art techniques. The technique requires only the amplitude and delay statistics of the multipath channel in order to perform NLOS identification. Therefore, it is relatively simple as compared to previous reported works. Furthermore, this technique does not assume that the MT has to be in motion, which was commonly assumed in the literature. Hence, such a technique is especially suitable for indoor wireless personal area networks applications where most MT are either in static or in nomadic conditions. Simulation results show that correct LOS/NLOS identification can be achieved with over 90% of the realizations for most channel models. Here, the kurtosis, mean excess delay, and rms delay spread of the multipath channel were obtained by assuming knowledge of the first path arrival. As a future work, sensitivity of the proposed NLOS detectors to the errors in the first path arrival can be investigated. Furthermore, we also analyzed different WLS algorithms (e.g., IAD, SWS, HWS) which deploy the likelihood functions obtained from the MPCs of the received signal. Through Monte-Carlo simulations using the IEEE 802.15.4a channel models, HWS-WLS was proven to outperform the conventional LS algorithm under NLOS scenarios. Future work includes optimization of the NLOS weights using a priori information regarding the distribution of the NLOS bias.
APPENDICES
A.
Let A w = WA and p w = Wp. Then, by replacing (5) in (18) and assuming that bias terms are zero, we may write 
